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Menu of the last lecture

• Fundamentals of statistical speech recognition

• Acoustic models for speech recognition

• From word models to subword models

• Speech recognition using grammars

• A small demo of automatic broadcast captioning

• Recommended books
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音声の生成モデルとしての

CLOSURE BURST RELEASE VOWEL

確率的生成モデル
状態間の境界 遷移確率 状態毎の出力信号 出力確率

HMM as generative model

Probabilistic generative model
State transition is modeled as transition probability.
Output features are modeled as output probability.
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隠れマルコフモデル

遷移

状態

観測信号系列 現在の状態
観測信号系列：
　　状態系列：

観測信号系列から現在の状態を決定できない
信号系列：観測可能、状態系列：隠れている

Hidden Markov Process

transition

state

previous observations current state

Observation sequence
(Hidden) state sequence

Previous observations cannot determine the current state uniquely.

Signals (features) are observed but states are hidden.
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Tree lexicon (compact representation of the words)

The following words
are stored as a tree.
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Tree-based lexicon using phoneme HMMs

Generation of state-based network containing 
all the candidate words
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Network grammar with a finite set of states

A sentence is accepted if it starts at one of the initial 
states and ends at one of the final states.
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Speech recognition using a network grammar

word HMM word HMMgrammatical
state

grammatical
state

When a grammatical state has more than one preceding words,
the word of the maximum probability (or words with higher 
probabilities) is adopted and it will be connected to the following 
candidate words. 
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Probabilistic decision

Observation: You pick a ball three times. The colors are 

bag A bag B

Probabilities of P(          | A) and P(          | B)

.

Decision:  The bag used is supposed to be B.
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N-gram language model

The most widely-used implementation of P(w)
Only the previous N-1 words are used to predict the following word.
(N-1)-order Markov process

I’m giving a lecture on speech recognition technology to university students.

N-1 = 1 --> bi-gram
N-1 = 2 --> tri-gram

P(a | I’m, giving), P(lecture | giving, a), P(on | a, lecture),
P(speech | lecture, on), P(recognition | on, speech), ...
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Development of a speech recognition system

input speech

results of 
recognition

phoneme HMM

acoustic
model

language
model

grammar

lexicon

decoder

hypothesis 
generation

word matching

probability
calculation

efficient
pruning
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Title of each lecture

• Theme-1
• Multimedia information and humans

• Multimedia information and interaction between humans and machines

• Multimedia information used in expressive and emotional processing

• A wonder of sensation - synesthesia -

• Theme-2
• Speech communication technology - articulatory & acoustic phonetics -

• Speech communication technology - speech analysis -

• Speech communication technology - speech recognition -

• Speech communication technology - speech synthesis -

• Theme-3
• A new framework for “human-like” speech machines #1

• A new framework for “human-like” speech machines #2

• A new framework for “human-like” speech machines #3

• A new framework for “human-like” speech machines #4

c 1 

c 3 c 2 

c 4 

c D 
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Speech Communication Tech.
- Speech synthesis -

Nobuaki Minematsu
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Today’s menu

• Overview of text-to-speech conversion
• From speaking machine to reading machine

• Text analysis
• Text processing using units of sentences, phrases, and words

• Reading analysis

• Assignment of reading (phonetic symbol + prosody) to each phoneme

• Waveform generation
• Conversion of phonetic symbols + prosody to acoustic waveforms

• Some demos
• Unit selection synthesis + HMM-based synthesis
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The world oldest speech generator

• Speaking machine (Kempelen 1791)
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Difficulty of TTS

• Raw text alone is not sufficient “phonetically” for it to be read.
• How to read Kanji? How to convert Kanji to Hiragana?

• 今日の午後は，生物学の授業に出ました。

• 今日＝きょう？こんにち？　　生物＝せいぶつ？なまもの？

• Hiragana is similar to phonemic representation. It is enough for TTS?
• とんぼ，とんねる，どんぐり

• すいか，たべますか？

• If text is represented by phonetic symbols, is it enough?
• How about prosodic features which are needed for text-to-speech conversion?
• Intonation, word accent, durational control (speaking rate), etc.

• 赤（あか）＋えんぴつ　→　あかえんぴつ

• Only “read”-style speech? Only native speech?
• Expressive (emotional) speech

• Non-native speech
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Phones and phonemes

• Phones
• A phone is the minimal unit of speech of any language.

• Phonetic symbols are language-independent and used by phoneticians to 
transcribe speech of any language. Defined by by Int. Phonetic Association.

• Should be used like [ a b c d e f g ].

• Phonemes
• A phoneme is the minimal unit of speech of a specific language, perceived by 

native speakers of that language.

• Phonemic symbols are language-dependent and used by ordinary people to 
transcribe speech of that language. Can be defined by a user.

• Should be used like / a b c d e f g /.

᪥ᮏ㡢㡪Ꮫㄅ➨ 60 ᕳ 4 ྕ (2010)                                                      5 

ࡋࠋࡪ⢭ᐦ⾲グࢆ㡢ኌ⾲グ࡞ヲ⣽࡞࠺ࡼࡢ

ሙྜࡿࡍㄝ᫂≉ࢆ࠸㐪ࡢ㡢࠸⣽ࡓࡋ࠺ࡇࠊࡋ

ࡍ⾲ࡁ᭩ࢆヲ⣽ࡢࢀࡇࡕ࠸ࡕ࠸ࠊࡾ㝈࠸࡞࡛

ᚲ㆟ㄽࡢࡢࡑࠊ࡛ࡇࡑࠋࡿࡂ㐣㞧↹ࡣࡢ

せ࡞ヲ⣽࡞༊ูࡓࡋ␎┬ࡣ⾲グࡢࡇࡿࡍࢆ

ࠋ࠺ゝ⡆␎⾲グࢆࢀࡇࠋࡿ࠶ᬑ㏻࡛ࢁࡋࡴࡀ࠺

ࡤ࠼ᮏ✏࡛ࡣ᪥ᮏㄒࡢࡢẕ㡢࠺࠸[�]ࢆグ

⯉๓ࡣ㏻ᖖࡀẕ㡢ࡢࡑࡣࢀࡇࠊࡀࡓࡁ࡚ࡋ⾲࡛ྕ

ẕ㡢=C?ᚋ⯉ẕ㡢=#?ࡢ୰㛫⛬ᗘ࡛ࢆࡇࡿ࠶ព

㆑ࡸࡸࠊࡓࡋ⢭ᐦ࡞⾲グ࡛ࠋࡿ࠶ከࡣ࡛⫣ᩥࡢࡃ

ࡶࡋࡎᚲࡣࢀࡇࠊࡀࡿ࠸࡚ࡋ⾲࡛?C=ࢆẕ㡢ࡌྠ

ࡢࡶࡿࡍᙇࢆࡇࡿ࠶๓⯉ẕ㡢࡛ࡀẕ㡢ࡢࡑ

ࠋྠ࠸࡞ࡣ࡛ ᵝᮏ✏ࡢ 6.1 ⠇࡛᪥ᮏㄒࡢࢡࡢẕ

㡢ࡢࢶࠊ?/=ࢆẕ㡢?�=ࢆグ࡚ࡋ༊ูࠊࡀࡓࡋከ

ࡇࢀࡑࠋࡿࢀࡉグ࡛?/=ࡶࡽࡕࡣ࡛⫣ᩥࡢࡃ

࡚ࡗࢃࡀࡇ࠺࠸ࡿ࠶㠀၁࡛ࡣ㏻ᖖࠊࢁ

ࢀࡉࡀグ⾲࠸࡞ࡢ┪▩୰࡛ࡢ⫣ᙜヱᩥࡘࡾ࠾

ࡶ࡚࠸W?࡛᭩=ࢆẕ㡢ࡢ࢘ࡢ᪥ᮏㄒࠊࡾ㝈ࡿ࠸࡚

㛫㐪ࠋ࠸࡞ࡣ࡛ࡅࢃ࠺࠸࠸IPAࡣ࡛⾲ࡢ=T?ࡩࡣ

ࡢredࡢⱥㄒ࡚ࡗゝࡽࡔࠊࡀࡔグྕࡢ㡢࠼ࡿ
Ⓨ㡢ࡢ=T'F?࠺࠸⾲グࡢ=T?࠼ࡿࡩࡀ㡢࡚ࡋ⾲ࢆ

ࡑࠊࡣࡢ࡞せ⫢ࠋ࠺ࢁࡔ࠸࡞ᑡࡣேࡿ࠼⪄ࡿ࠸

ពࡢグྕࡢࢀࡒࢀࡑࡿ࠸࡚ࢀࢃሙ࡛ࡢࡑࡢ

⬦ᩥࢆ༶࡚ࡋṇࡃࡋ⌮ゎࠋࡿ࠶࡛ࡇࡿࡍ�
㡢ኌ⾲グఝ࡚㠀ࡢࡶࡿ࡞㡢⣲⾲グࠋࡿ࠶ࡀ

ᙜヱࡢゝㄒ࠸࠾ 㡢ࡢࡘࡦࡌྠࠕ࡚ ᶵ࡚ࡋࠖ

࡞␗ࡣ࡚ࡋ㡢ኌࡢᐇ⌧㸦௬ࢆ㞟ྜࡢ㡢ࡿࡍ⬟

ࠋ᭱ࡪ㡢⣲ࡢࡘࡦ㸧ࡶ࡚࠸࡚ࡗ ㏆ࡢⱥ㎡

ࡣ࡛࡞ぢฟࡋㄒࡢⓎ㡢ࡃ࡞࡛[  ]ࢆ/  /࡛♧

ࢆ㡢ኌ⾲グࡣゝㄒᏛ࡛ࠊࡀ࠸ከࡀࡢࡶࡿ࠸࡚ࡋ

ࠋࡿ࠸࡚ࡗ࡞ࡾࡲỴࡍ♧࡛/  /ࢆ㡢⣲⾲グࠊ[  ]

㡢⣲ࡣゝㄒ࡛ࡢࡿ࡞␗ࡈ㡢⣲⾲グࠕࡣᅜ㝿

ⓗ࡛ࠖ グྕࡿࢀࡽ࠸⏝࡛ࡇࡑ࡚ࡗᚑࠊࡎᚓࡾ࠶ࡣ

ࡣ IPA  ࠋ࠸࡞ࡣ࡛
 ྠ୍㡢ኌ࡛ࣝ࣋ࣞࡿ࡞␗ࢆ⾲グࡓࡋࢆ㸰

ࡋࡢㄞ㡢ኌᮁࡎࡲࠋࡿࡆᣲࡘ ᪥ᮏ㡢㡪Ꮫࠕ࡚

◊✲⏝㐃⥆㡢ኌࢫ࣮࣋ࢱ࣮ࢹ  Vol.1ࠖࡢ

VOL1/DAT/CAN0001/A/A01.ADࠕ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 
=���Lµ���¿IGµG̀µ,¾F¿ß KVßU�1½!�U�D'́VGµV¿ßcÌKD_½P�1½J1½'́!�P'́̀́'́ ÀKK̀
O�̀�)'́V��̀PQ̀µQµFCÅ? 
㡢ኌ⾲グ㸦⡆␎㸧 

=C�CL/�/IGPF¿ß KVßU/Q�U/DGVGF¿ß KD/P�QJQ�G�PG 
KOC)GVCPQFC? 

㡢⣲⾲グ 15  
/arajurugeNzituosubetezibuNnohoRenezima

getanoda/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࡿࡺࡽ࠶⌧ᐇ࡚ࡍࢆ

⮬ศࡢ᪉ࡌࡡ᭤ࠋࡔࡢࡓࡆ 
ḟㅮ₇㡢ኌࡢ࡚ࡋᅜ❧ᅜㄒ◊✲ᡤࠕࡢ᪥

ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 ='À'�M¾L_½�MßZ�)µ�M�I¾KL�¾UV¿ßc8�? 
㡢ኌ⾲グ㸦⡆␎㸧 =G�ML/�MC)CMIKL/UV¿ßcQ�? 
㡢⣲⾲グ  /eRkyuRkagakugizjututjoR/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࠊ࣮࠼ᪧ⛉Ꮫᢏ⾡ᗇ 

8. IPA  ࡇࡿ࠸࡚ࡋ๓ᥦࡀ

᭱ᚋ IPA ๓ᥦᬯ㯲ࡣࡓࡲࠊ᫂♧ⓗࡀ

 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
IPAࠊࡎࡲ グࢆࡳࡢሗ࡞⩏᭷ពゝㄒᏛⓗࡣ

㏙ࠋࡿࡍࠕࡤ࠼ప࡞࣮࢟ࢫࣁࡃ⏨ᛶࡢኌ࡛᪩ཱྀ

࡛ゝࡓࡗ ࡢࡽࢀࡇࠋ࠸࡞ࡋグ㏙ࡣሗࡢ࡞ࠖ

ሗࡣグ㏙せ࡛࠺࠸ࡿ࠶๓ᥦࠋࡿ࠶ࡀ 
࿘ࡣࡇࡿ࠶㐃⥆య࡛ࡣⓗ⌮≀ࡀ㡢ኌࠊࡓࡲ

IPAࠊࡀࡔᐇࡢ▱ ศ⠇⥆㐃ࡢ༢㡢ࢆࢀࡇࡣ

㸦segment㸧࡛࠺࠸ࡿࡁ๓ᥦࡑࠋࡿ࠸࡚ࡗ❧

 ࠋࡿ࠶࡛⬟ྍࡣグྕ࡞࠺ࡼࡢࡇ࠸࡞ࡋ࠺
᭱ᚋࠊᏊ㡢ẕ㡢ࡣ༊ู࡛࠺࠸ࡿࡁ๓ᥦࡶ

ࡢⱥㄒࠋࡿ࠶ yet 㡢ࡢึ᭱ࡢ heed 㡢ࡢ୰ኸࡢ

ࠊࡀ࠸࡞ࢀ▱ࡶ୍ྠࡃࡣ࡚ࡋ࠼ᵓࡢㄪ㡢ࡣ

㏻ᖖ๓⪅ࡣᏊ㡢=L?ࠊᚋ⪅ࡣẕ㡢=K?グ㏙ࠋࡿࢀࡉ

࠸࡚ࢀࡲྵࡀどⅬࡢู࠺࠸㡢⠇ᵓ㐀ࡣࡇࡇ

 ࠋࡿ
࠺ࡼࡢࡇ IPA グྕయ⣔࡞↓Ḟ࡚ࡋỴࡣ

ㄞࡾࡓࡗ࡚ࡋゎ⌮ࡃࡼࢆᚩ≉ࡢࡑࠊࡀ࠸࡞ࡣ࡛

ࠊゝࡤࢀࡍࡾࡔࢇ ㄒ㡢ࡢグ㏙࡚ࡋ࣮ࣝࢶ㠀ᖖ

౽ࠋࡿ࠶࡛ࡢࡶ࡞㘓㡢ᢏ⾡ࡀ㣕㌍ⓗ㐍Ṍࡓࡋ

⌧௦࡛ࡶ IPA ࡇࡣ⏤⌮ࡿ࠸࡚ࡅ⥆ࢀࢃࡃᗈࡀ

ᐇࡀ๓ᥦࡢࡘ㸱ࡓ㏙ୖࡽࢀࡑࠊࡉ౽ࡢ

࠸ࡿ࠸࡚ࡋᫎࡃࡼࢆᛶ㉁ࡢゝㄒ㡢ࡢே㛫ࡣ

 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
 

ᩥ  ⊩ 

[1] International Phonetic Association, Handbook of the 
International Phonetic Alphabet (Cambridge University 
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㡢⣲⾲グ 15  
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ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
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 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
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 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
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ࠋࡿ࠸࡚ࡗ࡞ࡾࡲỴࡍ♧࡛/  /ࢆ㡢⣲⾲グࠊ[  ]

㡢⣲ࡣゝㄒ࡛ࡢࡿ࡞␗ࡈ㡢⣲⾲グࠕࡣᅜ㝿

ⓗ࡛ࠖ グྕࡿࢀࡽ࠸⏝࡛ࡇࡑ࡚ࡗᚑࠊࡎᚓࡾ࠶ࡣ

ࡣ IPA  ࠋ࠸࡞ࡣ࡛
 ྠ୍㡢ኌ࡛ࣝ࣋ࣞࡿ࡞␗ࢆ⾲グࡓࡋࢆ㸰

ࡋࡢㄞ㡢ኌᮁࡎࡲࠋࡿࡆᣲࡘ ᪥ᮏ㡢㡪Ꮫࠕ࡚

◊✲⏝㐃⥆㡢ኌࢫ࣮࣋ࢱ࣮ࢹ  Vol.1ࠖࡢ

VOL1/DAT/CAN0001/A/A01.ADࠕ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 
=���Lµ���¿IGµG̀µ,¾F¿ß KVßU�1½!�U�D'́VGµV¿ßcÌKD_½P�1½J1½'́!�P'́̀́'́ ÀKK̀
O�̀�)'́V��̀PQ̀µQµFCÅ? 
㡢ኌ⾲グ㸦⡆␎㸧 

=C�CL/�/IGPF¿ß KVßU/Q�U/DGVGF¿ß KD/P�QJQ�G�PG 
KOC)GVCPQFC? 

㡢⣲⾲グ 15  
/arajurugeNzituosubetezibuNnohoRenezima

getanoda/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࡿࡺࡽ࠶⌧ᐇ࡚ࡍࢆ

⮬ศࡢ᪉ࡌࡡ᭤ࠋࡔࡢࡓࡆ 
ḟㅮ₇㡢ኌࡢ࡚ࡋᅜ❧ᅜㄒ◊✲ᡤࠕࡢ᪥

ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 ='À'�M¾L_½�MßZ�)µ�M�I¾KL�¾UV¿ßc8�? 
㡢ኌ⾲グ㸦⡆␎㸧 =G�ML/�MC)CMIKL/UV¿ßcQ�? 
㡢⣲⾲グ  /eRkyuRkagakugizjututjoR/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࠊ࣮࠼ᪧ⛉Ꮫᢏ⾡ᗇ 

8. IPA  ࡇࡿ࠸࡚ࡋ๓ᥦࡀ

᭱ᚋ IPA ๓ᥦᬯ㯲ࡣࡓࡲࠊ᫂♧ⓗࡀ

 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
IPAࠊࡎࡲ グࢆࡳࡢሗ࡞⩏᭷ពゝㄒᏛⓗࡣ

㏙ࠋࡿࡍࠕࡤ࠼ప࡞࣮࢟ࢫࣁࡃ⏨ᛶࡢኌ࡛᪩ཱྀ

࡛ゝࡓࡗ ࡢࡽࢀࡇࠋ࠸࡞ࡋグ㏙ࡣሗࡢ࡞ࠖ

ሗࡣグ㏙せ࡛࠺࠸ࡿ࠶๓ᥦࠋࡿ࠶ࡀ 
࿘ࡣࡇࡿ࠶㐃⥆య࡛ࡣⓗ⌮≀ࡀ㡢ኌࠊࡓࡲ

IPAࠊࡀࡔᐇࡢ▱ ศ⠇⥆㐃ࡢ༢㡢ࢆࢀࡇࡣ

㸦segment㸧࡛࠺࠸ࡿࡁ๓ᥦࡑࠋࡿ࠸࡚ࡗ❧

 ࠋࡿ࠶࡛⬟ྍࡣグྕ࡞࠺ࡼࡢࡇ࠸࡞ࡋ࠺
᭱ᚋࠊᏊ㡢ẕ㡢ࡣ༊ู࡛࠺࠸ࡿࡁ๓ᥦࡶ

ࡢⱥㄒࠋࡿ࠶ yet 㡢ࡢึ᭱ࡢ heed 㡢ࡢ୰ኸࡢ

ࠊࡀ࠸࡞ࢀ▱ࡶ୍ྠࡃࡣ࡚ࡋ࠼ᵓࡢㄪ㡢ࡣ

㏻ᖖ๓⪅ࡣᏊ㡢=L?ࠊᚋ⪅ࡣẕ㡢=K?グ㏙ࠋࡿࢀࡉ

࠸࡚ࢀࡲྵࡀどⅬࡢู࠺࠸㡢⠇ᵓ㐀ࡣࡇࡇ

 ࠋࡿ
࠺ࡼࡢࡇ IPA グྕయ⣔࡞↓Ḟ࡚ࡋỴࡣ

ㄞࡾࡓࡗ࡚ࡋゎ⌮ࡃࡼࢆᚩ≉ࡢࡑࠊࡀ࠸࡞ࡣ࡛

ࠊゝࡤࢀࡍࡾࡔࢇ ㄒ㡢ࡢグ㏙࡚ࡋ࣮ࣝࢶ㠀ᖖ

౽ࠋࡿ࠶࡛ࡢࡶ࡞㘓㡢ᢏ⾡ࡀ㣕㌍ⓗ㐍Ṍࡓࡋ

⌧௦࡛ࡶ IPA ࡇࡣ⏤⌮ࡿ࠸࡚ࡅ⥆ࢀࢃࡃᗈࡀ

ᐇࡀ๓ᥦࡢࡘ㸱ࡓ㏙ୖࡽࢀࡑࠊࡉ౽ࡢ

࠸ࡿ࠸࡚ࡋᫎࡃࡼࢆᛶ㉁ࡢゝㄒ㡢ࡢே㛫ࡣ

 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
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[1] International Phonetic Association, Handbook of the 
International Phonetic Alphabet (Cambridge University 
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ࡢredࡢⱥㄒ࡚ࡗゝࡽࡔࠊࡀࡔグྕࡢ㡢࠼ࡿ
Ⓨ㡢ࡢ=T'F?࠺࠸⾲グࡢ=T?࠼ࡿࡩࡀ㡢࡚ࡋ⾲ࢆ
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ࡣ࡛࡞ぢฟࡋㄒࡢⓎ㡢ࡃ࡞࡛[  ]ࢆ/  /࡛♧
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㡢⣲ࡣゝㄒ࡛ࡢࡿ࡞␗ࡈ㡢⣲⾲グࠕࡣᅜ㝿

ⓗ࡛ࠖ グྕࡿࢀࡽ࠸⏝࡛ࡇࡑ࡚ࡗᚑࠊࡎᚓࡾ࠶ࡣ
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 ྠ୍㡢ኌ࡛ࣝ࣋ࣞࡿ࡞␗ࢆ⾲グࡓࡋࢆ㸰

ࡋࡢㄞ㡢ኌᮁࡎࡲࠋࡿࡆᣲࡘ ᪥ᮏ㡢㡪Ꮫࠕ࡚

◊✲⏝㐃⥆㡢ኌࢫ࣮࣋ࢱ࣮ࢹ  Vol.1ࠖࡢ

VOL1/DAT/CAN0001/A/A01.ADࠕ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 
=���Lµ���¿IGµG̀µ,¾F¿ß KVßU�1½!�U�D'́VGµV¿ßcÌKD_½P�1½J1½'́!�P'́̀́'́ ÀKK̀
O�̀�)'́V��̀PQ̀µQµFCÅ? 
㡢ኌ⾲グ㸦⡆␎㸧 

=C�CL/�/IGPF¿ß KVßU/Q�U/DGVGF¿ß KD/P�QJQ�G�PG 
KOC)GVCPQFC? 

㡢⣲⾲グ 15  
/arajurugeNzituosubetezibuNnohoRenezima

getanoda/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࡿࡺࡽ࠶⌧ᐇ࡚ࡍࢆ

⮬ศࡢ᪉ࡌࡡ᭤ࠋࡔࡢࡓࡆ 
ḟㅮ₇㡢ኌࡢ࡚ࡋᅜ❧ᅜㄒ◊✲ᡤࠕࡢ᪥

ᮏㄒヰࡋゝⴥࢫࣃ࣮ࢥ A11M0469_0138ࠕࡢࠖ  ࠋࠖ
㡢ኌ⾲グ㸦⢭ᐦ㸧 ='À'�M¾L_½�MßZ�)µ�M�I¾KL�¾UV¿ßc8�? 
㡢ኌ⾲グ㸦⡆␎㸧 =G�ML/�MC)CMIKL/UV¿ßcQ�? 
㡢⣲⾲グ  /eRkyuRkagakugizjututjoR/ 
₎Ꮠ࡞ΰࡾࡌ⾲グ ࠊ࣮࠼ᪧ⛉Ꮫᢏ⾡ᗇ 

8. IPA  ࡇࡿ࠸࡚ࡋ๓ᥦࡀ

᭱ᚋ IPA ๓ᥦᬯ㯲ࡣࡓࡲࠊ᫂♧ⓗࡀ

 ࠋࡃ࠾࡚ࡋ♧ࡘ㸱ࢆ࠼⪄ࡿ࠸࡚ࡋ
IPAࠊࡎࡲ グࢆࡳࡢሗ࡞⩏᭷ពゝㄒᏛⓗࡣ

㏙ࠋࡿࡍࠕࡤ࠼ప࡞࣮࢟ࢫࣁࡃ⏨ᛶࡢኌ࡛᪩ཱྀ

࡛ゝࡓࡗ ࡢࡽࢀࡇࠋ࠸࡞ࡋグ㏙ࡣሗࡢ࡞ࠖ

ሗࡣグ㏙せ࡛࠺࠸ࡿ࠶๓ᥦࠋࡿ࠶ࡀ 
࿘ࡣࡇࡿ࠶㐃⥆య࡛ࡣⓗ⌮≀ࡀ㡢ኌࠊࡓࡲ

IPAࠊࡀࡔᐇࡢ▱ ศ⠇⥆㐃ࡢ༢㡢ࢆࢀࡇࡣ

㸦segment㸧࡛࠺࠸ࡿࡁ๓ᥦࡑࠋࡿ࠸࡚ࡗ❧

 ࠋࡿ࠶࡛⬟ྍࡣグྕ࡞࠺ࡼࡢࡇ࠸࡞ࡋ࠺
᭱ᚋࠊᏊ㡢ẕ㡢ࡣ༊ู࡛࠺࠸ࡿࡁ๓ᥦࡶ

ࡢⱥㄒࠋࡿ࠶ yet 㡢ࡢึ᭱ࡢ heed 㡢ࡢ୰ኸࡢ

ࠊࡀ࠸࡞ࢀ▱ࡶ୍ྠࡃࡣ࡚ࡋ࠼ᵓࡢㄪ㡢ࡣ

㏻ᖖ๓⪅ࡣᏊ㡢=L?ࠊᚋ⪅ࡣẕ㡢=K?グ㏙ࠋࡿࢀࡉ

࠸࡚ࢀࡲྵࡀどⅬࡢู࠺࠸㡢⠇ᵓ㐀ࡣࡇࡇ

 ࠋࡿ
࠺ࡼࡢࡇ IPA グྕయ⣔࡞↓Ḟ࡚ࡋỴࡣ

ㄞࡾࡓࡗ࡚ࡋゎ⌮ࡃࡼࢆᚩ≉ࡢࡑࠊࡀ࠸࡞ࡣ࡛

ࠊゝࡤࢀࡍࡾࡔࢇ ㄒ㡢ࡢグ㏙࡚ࡋ࣮ࣝࢶ㠀ᖖ

౽ࠋࡿ࠶࡛ࡢࡶ࡞㘓㡢ᢏ⾡ࡀ㣕㌍ⓗ㐍Ṍࡓࡋ

⌧௦࡛ࡶ IPA ࡇࡣ⏤⌮ࡿ࠸࡚ࡅ⥆ࢀࢃࡃᗈࡀ

ᐇࡀ๓ᥦࡢࡘ㸱ࡓ㏙ୖࡽࢀࡑࠊࡉ౽ࡢ

࠸ࡿ࠸࡚ࡋᫎࡃࡼࢆᛶ㉁ࡢゝㄒ㡢ࡢே㛫ࡣ

 ࠋ࠺ࢁ࠶࡛ࡇ࠺࠸࠺
 

ᩥ  ⊩ 

[1] International Phonetic Association, Handbook of the 
International Phonetic Alphabet (Cambridge University 
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Cognitive Media Processing @ 2015

Overview of text-to-speech conversion
Conversion of any text input to its reading

Conversion of reading to waveforms

今日の午後は，生物学の授業に出ました。

キョーノゴゴワ／セイブツガクノジュギョーニ／
デマシタ

今日＝キョー？コンニチ？
生物＝セイブツ？ナマモノ？

セイブツ＋ガク　→　セイブツガク

Vowel in シ of デマシタ＝voiced or unvoiced ?

は＝ハ？ワ？



Cognitive Media Processing @ 2015

Text-to-speech synthesis

• Conversion from any input text to its sound sequence
• In Japanese, Kanji have multiple ways of reading.

• Kanji, Hiragana, Katakana, and Romaji

• Text analysis
• Morphological analysis

• An input sentence is divided into words (morphemes).

• Part of speech (品詞) is assigned to each word.

• Syntactic analysis

• Syntactic structure in a sentence is extracted.

• Semantic analysis

• In many cases, it refers to correlation and co-occurrence
among words.

• Reading analysis
• Phonemic aspect

• Prosodic aspect

• Waveform generation



Cognitive Media Processing @ 2015

Reading analysis

• Phonemic aspect (segmental aspect of speech)
• Text to phonemic (Hiragana) representation

•今日の午後は　→　ky o: n o g o g o w a （きょうのごごは）
• Phonemic representation to phonetic representation

•ん(N)　→　n, m, ng ?

• Some vowels have to be unvoiced.

•     :

• Prosodic aspect (supra-segmental aspect of speech)
• Word-level processing

• Word accent, accent sandhi in compound words

• Phrase-level processing

• Accent sandhi in connected words of a phrase

• Sentence-level processing

• Emphasis, phrasing



Cognitive Media Processing @ 2015

Raw text to Hiragana (phonemes)

• Two different reading styles of Japanese
• On(音/オン)-reading and Kun(訓/くん)-reading

•生きる（い），生える（は），生物（セイ，なま），
• は and へ

• は in 私は：“w a”, not “h a”

• へ in 大学へ：“e” not “h e”

• Lengthened vowels
• 消耗（しょうもう）：sh o: m o:

• 映画（えいが）：e: g a

• 大阪（おおさか）：o: sa ka

• Geminate consonant sounds (especially in numerical expressions)
• 一巻（いっかん，ikkan）k becomes long (long consonant).

• Euphonic change of an unvoiced consonant to its voiced version (連濁)

• 江戸川（えど＋かわ→えどがわ）



Cognitive Media Processing @ 2015

Numerical expressions

• Two different ways of reading numerical expressions
• 03-5841-6662 : digit by digit

• 123,456 yen : use of places, e.g. 12万3千4百5十6円

• Sound changes that are unique to numerical expressions
• 523 is not ご　に　さん but ごおにいさん

• Geminate consonant sounds 
• 一本：いち＋ほん→いっぽん
• １cm：いち＋せんち→いっせんち

• Euphonic change of unvoiced consonant to its voiced version (連濁)

• 三本：さん＋ほん→さんぼん
• 三階：さん＋かい→さんがい
• 三回：さん＋かい→さんかい

• Exceptional cases

• 一日：ついたち（いちにち is OK）
• 二日：ふつか（ににち is OK）



Cognitive Media Processing @ 2015

Phoneme symbols to phonetic symbols

• Some vowels become unvoiced
• If a vowel is surrounded by unvoiced consonants, it often become unvoiced.

•アシカ（a sh i k a），エンピツ（e N p i ts u），スキヤキ（s u k i y a k i）etc

• Nasalized consonants
• 株式会社（かぶしきがいしゃ，k a b u sh i k i g a i sh a)

• Syllabic nasal (撥音，ん)

• 粘板岩（ねんばんがん）
• [m] before p, b, and m

• [ng] before k, g, and ng

• [n] before t, d, n, and pause



Cognitive Media Processing @ 2015

Non-linguistic symbols and short forms

• Have to be converted into their phoneme sequences
• %, kg, @

• HMM, IT, IEEE

• Unknown words
• Person’s names, city names (proper nouns)

• Their reading have to be predicted using linguistic knowledge.

• Grapheme-to-phoneme conversion



Cognitive Media Processing @ 2015

Reading analysis

• Phonemic aspect (segmental aspect of speech)
• Text to phonemic (Hiragana) representation

•今日の午後は　→　ky o: n o g o g o w a

• Phonemic representation to phonetic representation

•ん(N)　→　n, m, ng ?

• Some vowels have to be unvoiced.

•     :

• Prosodic aspect (supra-segmental aspect of speech)
• Word-level processing

• Word accent, accent sandhi in compound words

• Phrase-level processing

• Accent sandhi in connected words of a phrase

• Sentence-level processing

• Emphasis, phrasing



Cognitive Media Processing @ 2015

JEITA format

• Japan Electronics and Information Technology Industries Association
• Text format designed specially for TTS input.

• Proposed as standard and recommended by JEITA

• Examples

• 2006年の調査によると，日本全国で，約33%の家庭が，ペットを飼っているそうです。

•ニセンロクネンノチョウサニヨルト，ニホンゼンコクデ，ヤクサンジュウサンパーセント
ノカテイガ，ペットヲカッテイルソウデス。

•ニセ'ンロクネンノ/チョ'ーサニヨルト_ニホ’ン_ゼ’ンコクデ_ヤ’ク/サ’ンジューサンパーセ
ントノカテーガ_ペ’ットオ/カ’ッテイルソーデス%.

•ペットを家族のように考える人が増えたため，ペット関連の新しいビジネスも，生まれま
した。

•ペットヲカゾクノヨウニカンガエルヒトガフエタタメ，ペットカンレンノアタラシイビジ
ネスモ，ウマレマシタ。

•ペ'ットオ/カ'ゾクノヨーニカンガエルヒ%トガ_フ’エタタメ_ペットカ'ンレンノ_アタラ
シ'ー/ビ'ジネスモウマレマシ%タ.



Cognitive Media Processing @ 2015

Text-to-speech synthesis

• Conversion from any input text to its sound sequence
• In Japanese, multiple ways of reading have to be dealt with.

• Kanji, Hiragana, Katakana, and Romaji

• Text analysis
• Morphological analysis

• An input sentence is divided into words (morphemes)

• Part of speech (品詞) is assigned to each word.

• Syntactic analysis

• Syntactic structure in a sentence is extracted.

• Semantic analysis

• In many cases, it refers to correlation analysis of

• words that occur frequently.

• Reading analysis
• Phonemic aspect

• Prosodic aspect

• Waveform generation



Cognitive Media Processing @ 2015

Two major methods of waveform generation

• Unit selection synthesis
• A huge number of waveform units (templates) are stored in a database.

• Adequate selection of waveform units is done based on input text.

• The selected units are smoothly concatenated.

• Additional pitch modification is often needed.

• HMM-based synthesis

• A kind of “unit selection” synthesis

• Units are not waveform units but spectrum units

• A huge number of context-dependent phoneme HMMs are stored in a database.

• Adequate selection of HMMs is done based on input text.

• The selected HMMs are concatenated.

• Pitch is realized by generating a source signals based on the desired pitch pattern.



Cognitive Media Processing @ 2015

A diagram of unit selection synthesis

Unit-selection synthesis (USS) (1)

Training part

Synthesis part

Build USS system
Transcriptions

Spectral
parameters

Prosodic
parameters

TEXT

SYNTHESIZED
SPEECH

Speech signal

Unit-selection 
algorithm

Signal
processing

Text analysis

Spectral
parameter
extraction

SPEECH
DATABASE Prosodic 

parameter
extraction

Unit database
& cost functions

Prosody
prediction

Prosody
predictors



Cognitive Media Processing @ 2015

Unit selection synthesis

• A speech corpus is segmented using some linguistic units.
• Phoneme, syllable, or in-between?

• Adequate selection of waveform units is done based on text input.
• How to select adequate units?

• The selected units are smoothly concatenated.
• If waveform units of the desired pitch level are not found, how to prepare the units?



Cognitive Media Processing @ 2015

Unit selection synthesis

• A speech corpus is segmented using some linguistic units.
• Phoneme, syllable, and VCV units

• Prosodic attributes are also considered (added) in labeling. VCV



Cognitive Media Processing @ 2015

Unit selection synthesis

• Adequate selection of waveform units is done based on text input.
• A cost function is defined and the unit that can minimize the cost is selected.
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ここで，f(i)はVCV素片の先行する i 番目の音韻
について，VCV素片を収集した際の音韻と合成する
文章中での音韻の一致度を表す音韻得点である．f(i)

には，音韻が一致すれば 2点，母音，摩擦子音，破
裂子音等の音韻種別が一致すれば 1点を与え，どち
らも一致しない場合には0点を与える．r(i)はVCV素
片の後続する i番目の音韻についての f(i)と同様な得
点である．f(i)と r(i)をVCV素片の前後それぞれ 5つ
の音韻について時間経過を考慮した重み付きで合計
したものをPERスコアとしている．音韻得点の重み
は，VCV素片により近い音韻得点の差が，より遠い
音韻得点の差によって逆転されないように，3の指
数の逆数としている．

PERスコアによるVCV素片の選択法では，合成単
位辞書にはVCV素片のデータだけでなく，VCV素
片の音韻環境の情報として素片の前後 5つの音韻名
を記憶しておく．音声合成時には，音韻環境の情報
と所望の文章中でのVCV素片の音韻環境を用いて式
(1)で定義したPERスコアを計算し，PERスコアが最
大となるVCV素片を選択する．

〈3･2〉　接続歪みの最小化によるVCV素片の選択法
VCV素片の接続部における接続歪みを評価するた

めに，LSPパラメータの距離を用いる．VCV素片の
接続部における先行VCV素片の最終フレームのLSP

パラメータがωω f = (ω1
f ,ω2

f , ,ωp
f ) ，後続VCV素片の先

頭フレームの LSPパラメータが ωω r = (ω1
r ,ω2

r , ,ωp
r )

であるとき，VCV素片の接続部における LSPパラ
メータの自乗距離(LSP distance: LD)を式(2)で定義
する．
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接続歪みは，様々なパラメータによる評価が可能
であるが，本方式ではVCV素片をLSPパラメータの
系列として扱うため，LSPパラメータの距離を用い
ることが実用的である．
式(2)で定義したLD ( ωω f,ωω r)を用いてDPの手法によ

り素片選択を行う手法を，LSP距離最小化選択法
(minimal LSP distance method: MLD選択法)と呼ぶ．
MLD選択法によるVCV素片の選択の様子を図 3に
示す．同一のVCV合成単位に属するVCV素片が複
数存在するため，図中において破線で示すような
VCV素片の様々な接続が可能である．このように，
VCV素片の接続が可能であることを示す経路を接続
可能経路と呼ぶ．MLD選択法は，接続可能経路に式
(2)で定義した  をコストとして割り振り，合成音声
の開始点から終了点までのコストの総和が最小とな
る経路をDPの手法によって探索する方法である．探
索の結果得られたLSP距離最小の経路上にあるVCV

素片を，最適なVCV素片として選択する．
MLD選択法では，合成単位辞書中の VCV素片

データに付加的な情報を加えておく必要がないため，
合成単位辞書の記憶容量の点ではPERスコアによる
選択法に比べて有利である．

4.　平均PERスコアと平均LSP自乗距離の分布
〈4･1〉　平均PERスコアと平均LSP自乗距離　

VCV規則合成方式において，ある文章を合成しよ
うとした場合，合成単位辞書からどのVCV素片を選
びだすかという組み合わせは膨大である．この様子
は，3章で示した図 3に見るようにVCV素片をノー
ドとする経路選択とみなすことができる．図3で，適

図2　PERスコアによる選択法 図3　MLD選択法
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接続歪みは，様々なパラメータによる評価が可能
であるが，本方式ではVCV素片をLSPパラメータの
系列として扱うため，LSPパラメータの距離を用い
ることが実用的である．
式(2)で定義したLD ( ωω f,ωω r)を用いてDPの手法によ

り素片選択を行う手法を，LSP距離最小化選択法
(minimal LSP distance method: MLD選択法)と呼ぶ．
MLD選択法によるVCV素片の選択の様子を図 3に
示す．同一のVCV合成単位に属するVCV素片が複
数存在するため，図中において破線で示すような
VCV素片の様々な接続が可能である．このように，
VCV素片の接続が可能であることを示す経路を接続
可能経路と呼ぶ．MLD選択法は，接続可能経路に式
(2)で定義した  をコストとして割り振り，合成音声
の開始点から終了点までのコストの総和が最小とな
る経路をDPの手法によって探索する方法である．探
索の結果得られたLSP距離最小の経路上にあるVCV

素片を，最適なVCV素片として選択する．
MLD選択法では，合成単位辞書中の VCV素片

データに付加的な情報を加えておく必要がないため，
合成単位辞書の記憶容量の点ではPERスコアによる
選択法に比べて有利である．

4.　平均PERスコアと平均LSP自乗距離の分布
〈4･1〉　平均PERスコアと平均LSP自乗距離　

VCV規則合成方式において，ある文章を合成しよ
うとした場合，合成単位辞書からどのVCV素片を選
びだすかという組み合わせは膨大である．この様子
は，3章で示した図 3に見るようにVCV素片をノー
ドとする経路選択とみなすことができる．図3で，適

図2　PERスコアによる選択法 図3　MLD選択法
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Unit selection synthesis

• The selected units are smoothly concatenated.
• Pitch change is realized by PSOLA (Pitch Synchronous OverLap and Add)

• Pitch waveforms are concatenated with overlap using required intervals.
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A diagram of unit selection synthesis

Unit-selection synthesis (USS) (1)

Training part
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音声の生成モデルとしての

CLOSURE BURST RELEASE VOWEL

確率的生成モデル
状態間の境界 遷移確率 状態毎の出力信号 出力確率

HMM as generative model

Probabilistic generative model
State transition is modeled as transition probability.
Output features are modeled as output probability.
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A diagram of HMM-based synthesis
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HMM-based synthesis

• Text -> HMM seq. -> most likely state seq. -> most likely spectrum seq.

• Spectrum seq. = adaptive filter

• By inputing source signals to the filter, waveforms can be obtained.
Structure of state-output (observation) vector

 Mel-cepstral coefficients

log F0

 log F0

 log F0

Spectrum part

Excitation part
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Spectrum generated from HMMs

• Text -> HMM seq. -> most likely state seq. -> most likely spectrum seq.
• The most likely spectrum from a state = mean vector (spectrum) of the state

--> the spectrum sequence has to have stepwise abrupt changes.

2.3 音声の合成とそのモデル 63

である。vqt と Uqt は状態 qt の平均ベクトルと分散共分散行列である。最尤特

徴量系列は式 (2.81)を最大化する C として得られる。これは式 (2.81)に対す

る C の偏微分項を 0とおいた方程式によって求められる。

∂P (O|ŝ,m, d)

∂C
=

∂P (KC|ŝ,m, d)

∂C
= 0 (2.84)

図 2.28 に動的特徴を考慮せずに生成されたスペクトル包絡と，考慮して生

成されたそれとを示す。後者がより滑らかな音声パターンを生成している。

図 2.28 動的特徴を考慮したスペクトル包絡の生成（上：動的特徴な
し，下：あり）（出典：1999 - 2011 Nagoya Institute of Technology）

( 3 ) HMM 音声合成における特徴量の設計 最尤のスペクトル包絡系

列が得られても音声波形にはならない。適切な音源波形でこれらを駆動する必

要がある。有声区間は（各時刻の基本周期に対応した）インパルス列が，無声

区間は白色雑音が音源波形となるが，イントネーションや単語アクセントに応

じて基本周期を適切に制御し，所望の F0 パターンを描くような音源波形とす

る必要がある。すなわち，入力テキストにふさわしい F0パターンを推定し，そ

れに応じた音源を生成する必要がある。HMM音声合成では，特徴量ベクトル

ot に F0 を加えることで，F0 パターン生成も HMMを用いて行う。

ot = [ct
T,∆ct

T,∆2ct
T, ft,∆ft,∆

2ft]
T

(2.85)
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Spectrum generated from HMMs

• Text -> HMM seq. -> most likely state seq. -> most likely spectrum seq.
• The most likely spectrum from a state = mean vector (spectrum) of the state

--> the spectrum sequence has to have stepwise abrupt changes.
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Static features and dynamic features

• Maximum likelihood generation of Cep sequences with constraints
• ΔCep = velocity components,  ΔΔCep = acceleration components

• Cep + Δ Cep + ΔΔ Cep are used as features of HMM

• What is needed is a sequence of Cep that is adequate for input text.

• Cep sequence is generated by using Δ and Δ features as constraint.

• Likelihood of ΔCep + ΔΔCep should be increased as well as that of Cep.

Structure of state-output (observation) vector
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• Context-dependent phoneme HMMs for ASR
• Context = left phoneme and right phoneme

• /a/ -> i-a+b, u-a+t, h-a+l, ....

• #triphones = N x N x N  (N : number of phonemes)

• Context-dependent phoneme HMMs for TTS
• Context = left phoneme, right phoneme + so many linguistic factors

• #context-dependent-phonemes = logically infinite !?

• HMMs for TTS are by far much finer than HMMs for ASR.

Context used for HMM for synthesis

Figure 1: An example of accent phrase labeling

phrases for speech corpus of HMM training usually conducted
manually by labelers referring to texts and speech sounds. Cer-
tain inconsistencies are unavoidable in the labeling process. Es-
pecially, it is often difficult to tell an minor F0 movement being
as “reduced” accent by de-focusing, secondary accent, or no
accent component. Although there have been several attempts
for automatic extraction of accent phrases, their performances
are not high enough. To begin with, there are number of cases
hard to exactly tell whether a (linguistic) phrase consists of one
accent phrase or two (or more) accent phrases. The cases may
increase when we handle spontaneous speech. When a sentence
is uttered in a different speaking style or by a different speaker,
the accent phrases may change, because they are units of “ut-
terance.” Regardless of these accent phrase ambiguities, accent
phrases are predicted only from texts in HMM-based speech
synthesis. This situation may not cause a serious problem when
handling a speech corpus carefully (and thus consistently) ut-
tered in reading style by a professional speaker. Because of the
cost of labeling, however the same accent labeling is often used
for a new speech corpus by a different speaker or in a differ-
ent speaking style. This may increase errors in accent phrase
labeling.

Since accent phrases are sequentially numbered in a breath
group, a difference in accent phrase labeling may spread to
other parts as shown in Fig 1. Symbol “/” indicates accent
phrase boundary. Context label “position of the current phrase
in the current breath group” (in Table 1) is totally differently
labeled, though the difference between two utterances is the ex-
istence of accent phrase boundary after “yamano” in utterance
1. Also since the context labels include those on lengths of
sentence, breath group, and accent phrase, which are counted
by number of morae, unnecessarily large numbers need to be
prepared to cope with various sentences and speaking styles.
Although these labels are usually discarded (or summarized)
through context clustering, some of these labels sometimes de-
grade synthetic speech quality.

2.2. Proposed context labels

In order to solve the problems listed in the previous section, a
new set of context labels is constructed as shown in Table 2.
Two labels ID1 and ID2 are prepared to represent POS (part-of-
speech) and S-POS (supplemental POS), respectively, based on
the Unidic Japanese dictionary for morpheme analysis[7]. ID1
includes following parts-of-speech: verb, noun, adjective, ad-
jectival verb, adnominal, adverb, pronoun, interjection, particle,
auxiliary verb, prefix, suffix, sentence initial, short pause, and
sentence end. The last three items are included, since pauses
largely affect other prosodic features. ID2 is supplemental to
ID1 and indicates the role of the word. It includes: “can be
used as content word,” “can be used as particle,” general, com-
mon noun, numeral, proper noun, noun like, verb like, adjective
like, adjectival verb like, nominative particle, “particle that at-
taches to a phrase and acts on the whole phrase,” adverbial parti-
cle, conjunctive particle, binding particle, sentence-end particle,

Table 1: Context labels adopted in Japanese HTS
Previous phoneme identity
Current phoneme identity
Next phoneme identity
Position of the current mora in the current accent phrase
Difference between accent type

and position of the current mora
POS of the previous word
Inflected form of the previous word
Conjugation type of the previous word
POS of the current word
Inflected form of the current word
Conjugation type of the current word
POS of the next word
Inflected form of the next word
Conjugation type of the next word
Number of morae of the previous accent phrase
Accent type of the previous accent phrase
Connection intensity between the previous accent phrase

and the current accent phrase
Pause existence between

the previous accent phrase and the current accent phrase
Number of morae in the current accent phrase
Accent type in the current accent phrase
Connection intensity between the previous accent phrase

and the next accent phrase
Position of the current accent phrase

in the current breath group
Interrogative sentence or not
Number of morae of the next accent phrase
Accent type of the next accent phrase
Connection intensity between the next accent phrase

and the current accent phrase
Pause existence between

the next accent phrase and the current accent phrase
Number of morae of the previous breath group
Number of morae of the current breath group
Position of the current breath group in the sentence
Number of morae of the next breath group
Number of morae of the sentence

stem of auxiliary verb, “tari” conjugation, and filler.
The new labels have following three major differences from

those of HTS.

i) “Bunsetsu” is used instead of “accent phrase.” Since
“bunsetsu” is a grammatically defined unit, it can be
identified uniquely from text. Also “very long” sam-
ples found in accent phrases do not occur, and maximum
number can be set small for “bunsetsu” length counted
in mora unit.

ii) High (1) or Low (0) is assigned to each moraic F0 pattern
instead of accent types. Japanese word accent types are
often stylized with high and low patterns of F0 contours
in mora unit. High-low assignment can be automatically
done for each mora when accent types are given. Due to
accent concatenation, Japanese word accent in continu-
ous speech may change from that of isolated utterance.
When two content words concatenates, they are uttered
together in one accent type. However, when we empha-
size one of two words, concatenation may not happen;
two words are uttered with their original accent types. If
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in the current breath group” (in Table 1) is totally differently
labeled, though the difference between two utterances is the ex-
istence of accent phrase boundary after “yamano” in utterance
1. Also since the context labels include those on lengths of
sentence, breath group, and accent phrase, which are counted
by number of morae, unnecessarily large numbers need to be
prepared to cope with various sentences and speaking styles.
Although these labels are usually discarded (or summarized)
through context clustering, some of these labels sometimes de-
grade synthetic speech quality.

2.2. Proposed context labels

In order to solve the problems listed in the previous section, a
new set of context labels is constructed as shown in Table 2.
Two labels ID1 and ID2 are prepared to represent POS (part-of-
speech) and S-POS (supplemental POS), respectively, based on
the Unidic Japanese dictionary for morpheme analysis[7]. ID1
includes following parts-of-speech: verb, noun, adjective, ad-
jectival verb, adnominal, adverb, pronoun, interjection, particle,
auxiliary verb, prefix, suffix, sentence initial, short pause, and
sentence end. The last three items are included, since pauses
largely affect other prosodic features. ID2 is supplemental to
ID1 and indicates the role of the word. It includes: “can be
used as content word,” “can be used as particle,” general, com-
mon noun, numeral, proper noun, noun like, verb like, adjective
like, adjectival verb like, nominative particle, “particle that at-
taches to a phrase and acts on the whole phrase,” adverbial parti-
cle, conjunctive particle, binding particle, sentence-end particle,

Table 1: Context labels adopted in Japanese HTS
Previous phoneme identity
Current phoneme identity
Next phoneme identity
Position of the current mora in the current accent phrase
Difference between accent type

and position of the current mora
POS of the previous word
Inflected form of the previous word
Conjugation type of the previous word
POS of the current word
Inflected form of the current word
Conjugation type of the current word
POS of the next word
Inflected form of the next word
Conjugation type of the next word
Number of morae of the previous accent phrase
Accent type of the previous accent phrase
Connection intensity between the previous accent phrase

and the current accent phrase
Pause existence between

the previous accent phrase and the current accent phrase
Number of morae in the current accent phrase
Accent type in the current accent phrase
Connection intensity between the previous accent phrase

and the next accent phrase
Position of the current accent phrase

in the current breath group
Interrogative sentence or not
Number of morae of the next accent phrase
Accent type of the next accent phrase
Connection intensity between the next accent phrase

and the current accent phrase
Pause existence between

the next accent phrase and the current accent phrase
Number of morae of the previous breath group
Number of morae of the current breath group
Position of the current breath group in the sentence
Number of morae of the next breath group
Number of morae of the sentence

stem of auxiliary verb, “tari” conjugation, and filler.
The new labels have following three major differences from

those of HTS.

i) “Bunsetsu” is used instead of “accent phrase.” Since
“bunsetsu” is a grammatically defined unit, it can be
identified uniquely from text. Also “very long” sam-
ples found in accent phrases do not occur, and maximum
number can be set small for “bunsetsu” length counted
in mora unit.

ii) High (1) or Low (0) is assigned to each moraic F0 pattern
instead of accent types. Japanese word accent types are
often stylized with high and low patterns of F0 contours
in mora unit. High-low assignment can be automatically
done for each mora when accent types are given. Due to
accent concatenation, Japanese word accent in continu-
ous speech may change from that of isolated utterance.
When two content words concatenates, they are uttered
together in one accent type. However, when we empha-
size one of two words, concatenation may not happen;
two words are uttered with their original accent types. If
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Figure 1: An example of accent phrase labeling
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A diagram of HMM-based synthesis
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Title of each lecture

• Theme-1
• Multimedia information and humans

• Multimedia information and interaction between humans and machines

• Multimedia information used in expressive and emotional processing

• A wonder of sensation - synesthesia -

• Theme-2
• Speech communication technology - articulatory & acoustic phonetics -

• Speech communication technology - speech analysis -

• Speech communication technology - speech recognition -

• Speech communication technology - speech synthesis -

• Theme-3
• A new framework for “human-like” speech machines #1

• A new framework for “human-like” speech machines #2

• A new framework for “human-like” speech machines #3

• A new framework for “human-like” speech machines #4

c 1 

c 3 c 2 

c 4 

c D 
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Assignment

• Assignment
• Read a research paper which is related to the second four lectures of this class,  

summarize it, and give your own comments to the paper.

• Phonetics, speech science, and speech technology

• All the materials used in the lectures can be available at:

• http://www.gavo.t.u-tokyo.ac.jp/~mine/japanese/media2015/class.html

• Length
• A few pages of A4 size.

• Submission

• Your report should be sent to mine@gavo.t.u-tokyo.ac.jp in the form of PDF.

• The file name should be “[student id]_[your name].pdf”

• The paper that you read should be attached.

• Deadline
• Dec. 15th

http://www.gavo.t.u-tokyo.ac.jp/~mine/japanese/media2011/class.html
http://www.gavo.t.u-tokyo.ac.jp/~mine/japanese/media2011/class.html
mailto:mine@gavo.t.u-tokyo.ac.jp
mailto:mine@gavo.t.u-tokyo.ac.jp

